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The aim of the present research is to simulate and evaluate pedotransfer functions (PTF) for
predicting soil organic carbon in Chernozem Haplic and Chernozem Calcic of the Left-Bank
Forest-Steppe of Ukraine using data from agrochemical soil certification. Soil samples were
collected from the upper arable horizon (0—20 cm) within the Left Bank Upland Province of the
Forest-Steppe zone for Chernozem Haplic and Chernozem Calcic. According to the Ukrainian
national soil classification system, the studied soils are classified as Typical Chernozems and
Ordinary Chernozems. In addition to standard agrochemical analyses made by Poltava branch
of State Institution «Institute for Soil Protection of Ukraine», in the Kyiv laboratory of this
Institution determined the total carbon (TC), total inorganic carbon (TIC), and total organic
carbon (TOC) contents. The Carbon content was determined using an analyzer Multi EA 4000
analyzer (Jena) via combustion. The total carbon released was automatically measured using a
non-dispersive infrared detector (NDIR). The TOC content was determined as: TOC = TC - TIC
(g/kg of soil). The descriptive statistical analysis and correlation and regression analyses were
carried out using Excel; to assess the accuracy of the models and the agreement between the
predicted and measured values of TOC (RMSE, NRMSE, MAE, R? and MAD). The statistically
significant of the differences between the groups of predicted values of the TOC content was
assessed using the t-test: Two-Sample Assuming Unequal Variances. The Humus and TOC
content practically follow a normal distribution, which allows us to correctly estimate confidence
intervals and significance levels; apply parametric statistical tests. The Humus content did not
appear to be a key factor driving the TOC content. Taking into account the wide variability in
TOC-to-Humus ratios observed in our study (ranging from 0.495 to 0.92), the use of a
conventional conversion factor (e.g., 0.58) to estimate TOC content from Humus content may
lead to substantial inaccuracies. The predicted values of TOC content using the PTFs, can be
considered statistically interchangeable with the observed ones under the tested conditions,
thereby confirming the adequacy of the models for practical application in TOC estimation. Given
the absence of bias and the acceptable levels of prediction error (NRMSE < 10% for all models),
the tested PTFs may be reliably used for TOC assessment in monitoring, land-use planning,
and carbon stock estimation. Our vision of the practical use of modeled PTFs is as follow: if no
exact information on the taxonomic classification of soils is available, it is better making use of
PTF3 (TOC (g/kg) = 11.0+2.394*Humus - 0.049*P + 0.065*K); if the soil type is determined
clearly, then for Chernozems Haplic — PTF5 (TOC (g/kg) = 32.1 + 1.21*Humus + 0.0017N +
0.088K - 0.085P - 2.71*pH), and for Chernozems Calcic — PTF7 (TOC (g/kg) = 154 +
1.81*Humus).
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1. Introduction

The global imperative to address climate change and promote sustainable
agriculture has underscored the critical role of soil management practices in enhancing
carbon sequestration and reducing greenhouse gas emissions. Statistical analyses and
modeling are employed to quantify carbon sequestration rates, evaluate treatment
effects, and assess environmental and agronomic benefits. Data collection and analysis
techniques involve comprehensive soil sampling, greenhouse gas flux measurements,
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soil health assessments, and crop yield monitoring over multiple growing seasons.
Statistical analyses and modeling approaches are employed to quantify the carbon
sequestration rates, assess treatment effects on soil health and greenhouse gas
emissions, and evaluate the overall environmental and agronomic benefits of the soll
management practices [1].

Soil organic Carbon (SOC) is as a key determinant of yield in Europe. But the
complex SOC-yield relationship highlights the necessity for tailored soil management
strategies that consider specific site conditions to optimize C storage and crop yield [2].
SOC plays a crucial role in soil fertility, crop productivity, and agricultural sustainability.
Long-term application of organic manure significantly increases SOC content, which is
positively correlated with crop yields up to a critical level of about 9 g kg™' [3]. Higher
SOC content is associated with improved soil gas transport capability, potentially
enhancing root growth and carbon input [4]. Optimal levels of decomposable organic
carbon range from 0.2% to 0.6%, contributing to high crop yields when combined with
mineral fertilization [5]. SOC provides nutrients to plants and improves water availability,
enhancing soil fertility and food productivity [6]. These findings highlight the importance
of maintaining appropriate SOC levels through balanced organic and mineral fertilization
to optimize crop productivity and environmental sustainability in arable lands. The
capacity of soils to store carbon (C) has substantial implications as for climate change
mitigation as sustainable global crop production

While dry combustion is considered the standard method, in situ analytical techniques
are being developed to offer increased accuracy, precision, and cost-effectiveness [7].
A recent photocatalytic approach using a PeCOD analyzer combined with GIS technology has
shown promising results for on-site SOC determination. This method revealed that finer soil
materials have higher SOC content, and SOC decreases with soil depth. Land management
practices, precipitation, and temperature significantly affect SOC formation and residence
time. GIS mapping of SOC distribution can identify hotspot areas, informing sustainable
farming practices and climate change mitigation strategies [8].

Raising the organic matter content of soils is desirable for guaranteeing that soils
will be able to keep fulfilling essential functions and services in spite of fast-changing
environmental conditions. There is a thought, since at least 90% of plant residues added
to soils to increase their carbon content over the long term are mineralized relatively
rapidly and are released as CO2 to the atmosphere, farmers would have to apply to their
fields 10 times more organic carbon annually than what they would eventually expect to
sequester [9]. Recent studies demonstrate that organic farming practices significantly
increase SOC compared to conventional methods. A meta-analysis revealed higher
SOC concentrations and mass storage under organic agriculture, with fine soil textures
showing the greatest improvements [10]. Similarly, research in the Netherlands found
that organic arable systems had higher SOC content, mineralization rates, and water-
stable aggregation than conventional systems, though still lower than permanent
pasture [11]. While organic farming generally improves soil biochemical properties,
physical aspects like susceptibility to compaction should also be considered [11, 12].
These findings highlight the potential of organic farming practices to enhance soil carbon
sequestration and contribute to climate change mitigation and sustainable agriculture.

To advance sustainable and resilient agricultural management policies,
especially during land use changes, it is imperative to monitor, report, and verify SOC
content rigorously to inform its stock. However, conventional methods often entail
challenging, time-consuming, and costly direct soil measurements [13]. The availability
of quality data determines the accuracy of the model; therefore, it is necessary to build
a general dataset that includes a carefully selected range of variables that, as a whole,
influence the values of the variable we predict [14].
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Pedotransfer functions (PTFs) are mathematical models used to predict soil
properties, including SOC content. Studies have shown that PTFs can effectively predict
SOC in subsurface horizons across Europe [15]. Machine learning techniques have been
employed to develop generalized PTFs for predicting soil electrical conductivity and SOC
content in Australia [16]. However, the choice of PTF for bulk density can significantly
impact SOC storage estimates at regional scales, with uncertainties ranging from
10.61 % to 70.46 % in Chinese terrestrial ecosystems [17]. Key predictors for SOC
content include soil depth, pH, soil texture, and geomorphology [16]. While PTFs show
promise for estimating SOC content across various landscapes, careful consideration of
the selected PTF and its limitations is crucial for accurate regional-scale assessments.

PTFs were developed to predict organic carbon content in subsurface horizons
of European soils. The PTFs showed high reliability with adjusted R2 values above 0.62
and good predictive ability with RMSE values between 2.43 and 13.82 g C kg—1 soil. The
use of bulk density as a predictor variable improved the performance of the PTFs, and
they are suitable for continental-scale applications in Europe. Employed multiple linear
regression with predictor variables: SOC in topsoil, depth of subsurface horizons, texture,
bulk density, mean annual temperature, and precipitation [15].

PTF model types included: Regression-based models; Machine learning models;
Process-based models and Additive/mixed statistical models. For forming PTF Models
measured different soil properties: SOC content and SOC stock; SOC fractions
(including humic substances, stable SOC). Other properties included SOC dynamics,
total carbon and total nitrogen, bulk density, SOM and labile carbon. Various indicators
were used to assess the effectiveness of the models, such as: R? (or adjusted R?) and
RMSE. The coefficient of determination (R?) was used to assess the goodness of fit
between predicted and measured values. Higher R? values indicated better model
performance. Other metrics included RPD, MAE, MSE, ME, Willmott's d, and normalized
RMSE [13, 18]. We should note that in recent studies, the mean absolute error (MAE),
root mean square error (RMSE), and their normalized versions are widely used to
validate predictive models in soil science research. These metrics are commonly used
to evaluate model performance, and RMSE is more sensitive to outliers and potentially
more suitable for Gaussian error distributions [19, 20]. Recently, researchers have
applied these metrics to evaluate machine learning algorithms for digital soil mapping,
achieving high accuracy in predicting soil nitrogen content [21]. In addition, these metrics
were used to compare the effectiveness of different statistical approaches in predicting
soil properties based on mid-infrared spectral data [22]. Note that in some cases, RMSE
can be misleading in understanding the uncertainty of the forecast [19, 22]. Some
authors [23] argue for RMSE as the optimal metric for normal errors, refuting the idea
that MAE should be used exclusively. They do not contend RMSE is inherently superior
and instead advocate that a combination of metrics, including both RMSE and MAE,
should be used to evaluate model performance.

So, key predictors that are most often used in the researches analyzed by us are
[18, 24, 25]: Soil properties (such as pH, texture, carbon/nitrogen ratio, cation exchange
capacity, nitrogen, phosphorus, fertility); Spectral predictors (hyperspectral or MIR
spectra); Environmental factors: topographic variables (curvature, elevation, aspect,
wetness, valley depth, catchment area); Land use or management variables (ploughing,
land use, reclamation); Climate variables (temperature, ESPI, nitrogen deposition). The
authors recognized that the limiting factors may include related to predictor availability,
sample size, model suitability for nonlinear data, and calibration dependencies [26, 27].
Mitigation strategies of the forecasting results provide for: data expansion (auxiliary
predictors, open data, satellite/digital elevation model); model selection or optimization
(nonlinear models, parameter optimization); laboratory or sample standardization;
management recommendations [13, 28].
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Determining the spatio-temporal dynamics of SOC content and stocks remains a
critical task for ensuring food security, addressing climate change challenges, and halting
land degradation [29, 30], which aligns with the United Nations Sustainable Development
Goals [31]. Achieving these objectives is unattainable without systematic soil monitoring,
which is currently lacking in Ukraine. In particular, there is no operational national system
for observing soil properties over time and space, including SOC — one of the key
indicators of soil fertility and ecosystem resilience [32]. As a result, the only available
source of soil-related data for decision-making at all levels of agro-environmental
governance in Ukraine is the agrochemical certification of farmlands. However, this
certification does not include measurements of SOC, and given the ongoing war and
limited government funding, a fundamental reform of the SOC monitoring system is not
anticipated in the near future.

To overcome the information gaps on the soil organic carbon content, the
modeling based on available agrochemical indicators is of crucial importance. A
database of analytical data on SOC content for specific locations and for soils of different
genesis should become a platform for modeling.

The aim of the present research is to simulate and evaluate pedotransfer
functions for predicting soil organic carbon content in Chernozems Typical and Ordinary
(Chernozem Haplic and Chernozem Callic accordingly) of the Left-Bank Forest-Steppe
of Ukraine using data from agrochemical soil certification.

Obijectives of the study: 1. To analyze the total organic Carbon (TOC) content of
and agrochemical parameters (Humus content, available Phosphorus, Potassium,
alkaline hydrolyzed Nitrogen, Soil acidity) in soil samples collected from the arable
horizon of the study area. 2. Using both individual and complexes of soil indicators as
predictors, build a series of PTF for predicting the content of TOC. 3. For different
variants, to give a comparative assessment of the models' effectiveness in terms of
Predictive power and Explanatory capability using statistical criteria (MAE, RMSE,
NRMSE, R? and MAD). 4. To identify the possibilities of applying the constructed PTFs
for practical use in the context of supporting decisions on sustainable soil resource
management.

Author's contribution:  Y.Dmytruk — idea, selection of methods, writing,
conceptualization; Y.Zhukova - calculations, description of results, methodology;
R. Palamarchuk — editing, synthesis and conclusions; N. Stepanenko — analytical research,
software.

2. Materials and Methods

For agrochemical certification, soil samples were collected from the upper arable
horizon (0-20 cm) within the Left Bank Upland Province of the Forest-Steppe zone
(according to the agro-soil zoning of Ukraine). This territory corresponds to the Eastern
Poltava Upland physical-geographical region and is classified as a zone of insufficient
moisture in agro-climatic zoning (Hydrothermal Coefficient = 1,0—1,3). According to the
Ukrainian national soil classification system, the studied soils are classified as Typical
Chernozems and Ordinary Chernozems. These subtypes conditionally correspond to
Chernozems Haplic and Chernozems Calcic, respectively, within the WRB framework
(IUSS Working Group WRB, 2022), based on the presence or absence of a diagnostic
calcic horizon and associated morphological and chemical properties.

In addition to standard agrochemical analyses [33] including Humus content,
hydrolyzable Nitrogen (N), available Phosphorus (P), available Potassium (K), and
Actual acidity (pH in water) made by Poltava branch of State Institution «Institute for Soil
Protection of Ukraine»; in the Kyiv laboratory of the State Institution «Institute for Soil
Protection of Ukraine» determined the total carbon (TC), total inorganic carbon (TIC),
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and total organic carbon (TOC) contents in the same samples (Table 1). The dataset
(n=29) comprised two subtypes of Chernozems: Chernozem Haplic (n = 18) and
Chernozem Calcic (n = 11).

The carbon content of soils was determined using an analyzer Multi EA 4000
analyzer (Jena) via combustion, during which carbon is oxidized to CO, in an oxygen-
rich gas stream at temperatures above 900°C. TC was determined via combustion at
1200°C in an oxygen atmosphere. The total carbon released was automatically
measured using a non-dispersive infrared detector (NDIR).

The previously collected soil samples were dried indoors to an air-dry state
without sunlight at a temperature not exceeding 400C. After drying, inclusions (coarse
debris, organic residues (plant roots, leaves, seeds, etc.)) were removed manually from
the soil samples, if any. Subsequently, the soils were sifted through sieves with a 2-mm
mesh diameter, and after obtaining a representative sample (weighing 200-300 g), it
was sifted again, but on sieves with a mesh diameter of 0.76 mm in accordance with the
requirements for using the specified multielement analyzer. Prior to the analysis, the
Multi EA® 4000 was calibrated using calcium carbonate CaCOs (12% C) of analytical
strength. Organic carbon was determined by the combustion method, in which soil
carbon is oxidized to carbon dioxide (CO2) in an oxygen-containing gas stream at a
temperature above 900°C. To determine total carbon, a 300 mg sample was taken in
duplicate. The combustion in an oxygen atmosphere was performed at a temperature of
1200°C. The amount of total carbon (TC) released was determined automatically using
a non-dispersive infrared (NDIR) detector. The inorganic carbon (TIC) determination was
carried out according to the requirements for the device using the appropriate module of
the analyzer. TIC was determined by adding 1500 mg of a 40 % solution of
orthophosphoric acid (HsPO4) to the soil sample. The carbon dioxide (CO2) released
during the reaction was recorded by NDIR. The carbon content measurement in soll
samples was controlled using CRM No. B2176 (Elemental Microanalysis) and CRM No.
B2237 (Elemental Microanalysis) with a carbon content of 15.95 % and 2.75 %,
respectively. The TOC content was determined as the difference between total carbon
and inorganic carbon: TOC = TC - TIC. The results are expressed in g/kg of soil.

The statistical analysis and correlation and regression analyses were carried out
using Excel: mean, standard deviation (SD), coefficient of variation (V, %), variance,
Student's t-test (p < 0.05) were estimated; to assess the accuracy of the models and the
agreement between the predicted and measured values of soil organic carbon the
parameters used were: root mean square error (RMSE), normalized root mean square
error (NRMSE), mean absolute error (MAE), coefficient of determination (R?) and, as a
complementary indicator, median absolute deviation (MAD). The use of MAE, RMSE,
MAD, and R? simultaneously allows to cover different aspects of model quality: accuracy,
robustness to outliers, and the explanatory power [19, 23]. The statistically significant of
the differences between the groups of predicted values of the TOC content was
assessed using the t-test: Two-Sample Assuming Unequal Variances. To evaluate the
agreement between the predicted and measured values of soil TOC, both statistical
accuracy metrics and hypothesis testing were employed. The predictive performance of
the models was assessed using MAE, MAD, RMSE, NRMSE, and the coefficient of
determination (R?), while two-sample t-tests were used to determine whether differences
between measured and predicted TOC values were statistically significant.
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3. Results
3.1. Overall analysis of soil parameters

The values of soil indicators resulting from the analysis of the soil samples are
presented in Table 1.

Table 1
Soil indicators of Chernozems

Samples TC** TIC TOC Humus N P K

NeNe AISG* o/kg™* % mg/kg pHagq
P1 55e 22.7 2.22 20.48 3.70 147.2 115.5 105.5 6.10
P2 55e 2217 1.31 20.86 3.72 135.1 105.0 103.0 6.0
P3 55e 22.705 0.88 21.825 3.16 114.8 81.0 118.3 6.20
P4 534 20.29 0.21 20.08 3.51 132.4 122.0 110.0 6.10
P7 65e 24.445 1.53 22.915 3.62 98.2 136.6 149.8 6.20
P8 65e 25.06 1.60 23.46 4.16 130.2 145.2 96.6 6.20
P9 65e 20.935 0.79 20.145 2.61 87.5 62.5 80.5 6.0
P10 65e 20.795 0.74 20.055 3.30 107.4 95.7 86.3 6.10
P11 65e 20.835 0.79 20.045 3.69 145.1 82.1 77.8 6.10
P12 534 19.945 0.84 19.105 3.30 112.8 81.5 78.5 6.0
P13 53n 20.035 0.88 19.155 3.12 124.5 66.0 52.0 6.20
P14 534 17.7 0.027 17.673 2.81 97.8 63.0 70.3 7.10
P15 53n 17.75 0.021 17.729 3.31 118.4 112.0 90.7 6.10
P16 53n 17.415 0.023 17.392 3.51 110.4 125.7 94.3 6.20
P17 53r 17.42 0.022 17.398 297 127.8 121.0 96.3 6.10
P18 53r 17.735 0.023 17.712 2.95 1251 116.0 95.0 6.0
P19 53r 17.505 0.024 17.481 3.18 110.2 70.5 53.0 6.0
P20 650 21.705 0.026 21.679 3.57 110.0 83.5 79.6 6.0
P21 654 21.635 0.026 21.609 3.06 136.2 98.0 122.3 6.0
P22 650 22.095 0.024 22.071 3.22 119.2 96.2 96.6 5.70
P23 58e 22.13 0.026 22.104 3.62 117.2 96.3 100.7 5.80
P24 58e 21.52 0.012 21.508 3.25 1151 78.0 103.7 5.80
P25 58e 19.62 0.016 19.604 2.51 91.4 81.0 98.0 6.0
P26 53n 20.93 0.041 20.889 2.95 95.2 94.7 70.3 5.80
P27 53n 20.81 0.03 20.78 2.60 88.9 191.0 194.0 5.80
P28 53n 21.08 0.021 21.059 2.29 75.4 67.7 68.0 5.90
P29 53n 16.905 0.021 16.884 2.59 78.5 90.3 71.0 6.0
P30 53n 15.965 0.019 15.946 2.79 95.7 100.0 78.3 5.90
P31 53n 16.205 0.021 16.184 2.56 92.3 93.7 69.3 6.0
Mean 20.2 0.42 19.79 3.16 112 99.0 93.4 6.0
Minimum 15.965 0.012 15.9 2.29 75.4 62.5 52.0 5.70
Maximum 25.06 2.22 23.5 4.16 147 191 194 7.10

* — agro-industrial soil groups; due to the fact that there is no AISG in English, AISG are shown in Ukrainian transcription;
** — Carbon content: total (TC), inorganic (TIC) and organic (TOC); *** — the units of measuring in the all next tables
are the similar

The analysis of soil indicators with the use of descriptive statistics suggests that
all Chernozems are soils with a considerable fertility potential.

The statistical parameters (Table 2) characterizing the distribution of key soil
properties demonstrate varying degrees of dispersion and deviation from normality.
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Nitrogen and Humus contents exhibit relatively low variability, as indicated by low
standard deviations (19.2 and 0.45, respectively) and moderate coefficients of variation
(Table 2). Both parameters display near-symmetric distributions, with skewness values
close to zero (-0.03 for nitrogen and 0,02 for humus), and negative kurtosis values (-0.73
and -0.52, respectively), suggesting slightly platykurtic distributions. TOC is
characterized by moderate variability (SD = 2.07), a near-symmetric distribution
(Skewness = -0.25), and slightly platykurtic shape (Kurtosis = -0.96) statistically
significant.

Table 2
Statistical parameters of the dataset (n = 29)

Parameters Nitrogen Phosphorus  Potassium Humus pHaq TOC
Mean 112 99.0 93.4 3.16 6.05 19.79
Median 113 95.7 94.3 3.18 6.0 20.1
St. Deviation 19.2 28.1 28.5 0.45 0.24 2.07
Variance 368 789 812 0.20 0.06 4.30
Kurtosis -0.73 2.78 4.77 -0.52 12.2 -0.96
Skewness -0.03 1.32 1.70 0.02 2.81 -0.25
Minimum 75.4 62.5 52.0 2.29 5.70 15.9

Maximum 147.2 191 194 4.16 7.10 23.5

In contrast, Phosphorus and Potassium contents demonstrate higher variability,
with Significant values of standard deviations and variances. Their positive Skewness
values (1.32 and 1.70) and leptokurtic profiles (Kurtosis 2.78 and 4.77, respectively)
indicate right-skewed distributions with a higher probability of extreme values (Table 2).
Notably, the pHaqg values exhibit a highly peaked and right-skewed distribution. This
suggests the presence of outliers or concentration of values near the lower boundary.

The average Humus content across all soils was 3.16 £ 0,45 %, indicating a
moderate level of variability. The distribution of values is close to normal (skewness
=0.02; kurtosis =—0.52), suggesting that the results are representative of the general
population. According to the data obtained, Chernozems Calcic are characterized by a
higher mean Humus content (3.33 £ 0.48%) and slightly greater spatial heterogeneity.
The slight left-skewness (—0.27) indicates a prevalence of relatively high Humus values
with a small number of lower values. In contrast, Chernozems Haplic are more
homogeneous in terms of Humus content (mean 3.06 + 0.41%), showing lower variability
and a nearly symmetrical distribution (kewness =—-0,03).

Soil organic carbon is a key indicator of soil fertility, resistance to degradation,
and organic matter accumulation. The average TOC content in all analyzed samples was
19.79 g/kg, with a standard deviation of 2.07, indicating moderate variability. The
Skewness (—0.25) and Kurtosis (-0.96) suggest a slightly left-skewed and flattened
distribution relative to the normal, which is typical for agroecosystems characterized by
uneven organic fertilization regimes and crop diversity (Table 2).

In Chernozems Haplic, the mean TOC content (18.81 g/kg) was lower than the
overall average, with higher variability (o = 1.87). This may be associated with the effects
of intensive tillage, leading to humus mineralization and partial loss of organic
carbon [34]. Nonetheless, the skewness (0.096) is close to zero, indicating a near-normal
distribution, which supports the applicability of regression and ANOVA methods.
In contrast, Chernozems Calcic exhibited a higher mean TOC content (21.38 g/kg) and
lower dispersion (0=1.27) compared to Chernozems Haplic, indicating more
homogeneous impact drivers on the plough layer. The Skewness was near zero (0.066),
and the negative Kurtosis (—1.09) points to a slightly platykurtic distribution. Overall, TOC
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distributions in all soils studied approximate a normal distribution, thereby justifying the
use of parametric statistical approaches for further analysis (Table 2).

The some soil indicators deviate from a normal distribution, particularly
Phosphorus, Potassium, and pH. At the same time, the Humus content and TOC content
practically follow a normal distribution, which allows us to correctly estimate confidence
intervals and significance levels; apply parametric statistical tests (in particular, t-test,
F-test). Additionally and important for us, the distribution's normality is a pre-requisite for
using linear regression.

If the input data and residuals do not have significant deviations from normality,
the model will be more stable and less sensitive to outliers, and the confidence intervals
will be more precise.

To justify the selection of predictors for constructing PTFs aimed at estimating
TOC content, pairwise correlation coefficients among soil properties were analyzed
(Table 3). Correlation analysis provides an initial assessment of the strength and
direction of linear associations between potential predictors and the target variable TOC,
which is essential for informed model development. A moderate positive correlation was
observed between TOC and both humus content (r = 0.46) and available Potassium
(r = 0.45), suggesting their relevance as explanatory variables in the predictive models.
In contrast, Nitrogen (r = 0.23), Phosphorus (r = 0.16), and soil pH (r = -0.22) showed
weak or negligible correlations with TOC, indicating a limited linear predictive capacity in
isolation (Table 3). Nevertheless, variables with low pairwise correlation should not be
automatically excluded, especially in multifactor models, where interactions or nonlinear
contributions may enhance model performance.

Table 3
Pairwise correlation coefficients (n = 29)

Parameters N P K Humus pHaq TOC
N 1.0
P 0.15 1.0
K 0.08 0.77 1.0
Humus 0.74 0.30 0.13 1.0
pHaq 0.06 -0.16 -0.16 0.09 1.0
TOC 0.23 0.16 0.45 0.46 -0.22 1.0

3.2. Pedotransfer functions (models) for prediction of TOC

For the purpose of the study, we chose the local area of Chornozems Haplic and
Calcic to prevent the need to take into account variability in climate, relief, and vegetation
indices. The predictive power of the models varies significantly for different types of land
use, so we chose only arable land. However, it is quite difficult to separate out the
difference in the impact of management practices on TOC content.

The selection of an appropriate pedotransfer function (PTF) for practical
application should strike a balance between predictive accuracy, explanatory capability,
and operational simplicity. Ideally, models should incorporate as few predictors as
possible to facilitate efficient field or laboratory use, without compromising reliability.
On the other hand, increasing the number of input variables inevitably raises the model’s
complexity, not only due to the need for more extensive soil analysis but also because
of the greater potential for cumulative analytical errors during data collection.

Based on a review of relevant literature (see Introduction), the most informative
and commonly used predictors for estimating TOC content include humus (organic
matter) content, particle-size distribution (texture fractions), total nitrogen content, bulk
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density, and its probable other properties [13—-18], as well as the use, if possible, of
spectral libraries, which is considered to be a perspective trend [35, 36].These factors
should be prioritized depending on the specific context, available data, and analytical
capacities.

To forecast the content of TOC in soils using the results of laboratory analyzes
and agrochemical certification data, 9 PTFs were created (Table 4), of which four
functions were built for the whole collection (without dividing soils into subtypes). The
constructed PTFs based on linear regression demonstrate varying levels of effectiveness
in estimating TOC content across different subtypes of Chernozems. The models differ
in terms of input variables, determination coefficients (R?), F-statistics, and statistical
significance (p-values).

Table 4
Regression parameters and statistical characteristics of linear pedotransfer functions for TOC estimation
Pedotransfer Functions | a0 | Coefficients (b) | R2 [ F [ p-value
Chernozems (n = 29)
PTF 13.13 2.106*Humus 021 | 712 0.013
p-value: Humus — 0.013 ) ) ) ) )
PTF2 3.4*Humus+0.066°K - 0.05*P
p-value: Humus — 0.0016; K — 114 ' -0 631N ’ 0.57 | 7.85 0.0003
0.0002; P —0.004; N — 0.166 )
PTF3

2.394*Humus - 0.049*P

p-value: Humus — 0.0013; K— 11.0 0.53 | 9.40 0.00025

0.0004; P — 0.006 +0.065°K
PTF4
p-value: Humus — 0.016; 11.2 1.97*Humus+0.026*K 0.36 | 7.40 0.003
K-0.019
Chernozems Haplic (n = 18)
PTF5
p-value: Humus — 0.45; K — 1.21*Humus + 0.0017N +
0.001; P—0.004; N-0.96: pH— | 321 | 0.088K-0.085P-2.71pH | 063 | 41 0.021
0.06
PTF6 * .
p-aHaverns: K — 0.003: P — 0.016 18.3 0.077*K - 0.06*P 0.45 | 6.17 0.011
Chernozems Calcic (n = 11)
PTF7 15.4 1.81*Humus 0.47 | 8.12 0.019
p-value: Humus — 0.019 ' ) ) ) )
PTF8 1.32*Humus - 0.01N + 0.01K
p-value: Humus — 0.21; K- 0.45; 34.1 ‘ +0.03P - 3 33pH ‘ 0.85 | 5.6 0.04
P —0.22; N - 0.55; pH — 0.09 ) )
PTF9 N
p-value: Humus — 0.19; K—0.30: | 13.9 1.207Humus * 002K+ 1071 | 579 | 0.026
P-0.54 )

Comment: a, — intercept; b — regression coefficients

For both Chernozems (n = 29), PTF1, which relied solely on Humus content,
exhibited limited predictive power (R? = 0.21), indicating that single-variable models may
be insufficient for reliable TOC estimation in soils of diverse agricultural land. Although
PTF4 improved performance slightly by adding available K (R? = 0.36), it still lagged
behind the more comprehensive models. Among the developed pedotransfer functions,
PTF2 and PTF3 showed the highest explanatory performance for estimating TOC
content, with coefficients of determination (R?) of 0.57 and 0.53, respectively. These
models incorporated multiple routinely measured agrochemical indicators, including
humus, available potassium (K), and phosphorus (P), all of which were statistically
significant predictors (p < 0.01). The inclusion of these variables enhanced the models’
ability to capture TOC variability across Chernozems. That is, explanatory capability of
PTF3 increased by more than 30 % in terms of the determination coefficient R?, which
meets the criteria for high model accuracy [37]. Considering both model accuracy and
practical applicability, PTF2 can recommended for use in agricultural land monitoring,
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particularly where full agrochemical dates (including humus, K, and P) are available. For
cases with restricted laboratory access or where nitrogen data are not consistently
reliable, PTF3 offers a more parsimonious yet sufficiently accurate alternative.

In the case of Chernozems Haplic, model PTF5 includes five predictors, but the
p-value for humus (p = 0.45) and nitrogen (p = 0.96) suggests weak its individual
contributions, despite the relatively high R? of 0.63. Conversely, PTF6, based only on K
and P, shows better individual significance for both variables (p = 0.003 and p = 0.016
respectively), although with a slightly lower R? of 0.45 (Table 4).

For Calcic Chernozems, PTF7, which relies solely on humus, achieves a decent
R? of 0.47 (p = 0.019). Model PTF8, which integrates five variables, demonstrates the
highest explanatory power among all models (R*> = 0.85), but some predictors
(e.g., humus and nutrients) lack strong statistical significance (p > 0.20). PTF9, a
reduced model excluding pH and N, still provides high predictive ability (R? = 0.71) with
improved variable significance.

Thus, the inclusion of multiple predictors generally increases the determination
coefficient; however, not all variables contribute significantly. Models such as PTF3
(Chernozems Haplic) and PTF9 (Chernozems Calcic) strike a balance between
parsimony and predictive strength. The effectiveness of each model is context-
dependent, and overfitting remains a risk when including statistically insignificant
variables.

4. Discussion
4.1. Soil indicators

Descriptive statistics of the soil properties provide insights into the variability of
TOC content across the studied sample set. The mean TOC concentration was
19.79 g/kg, with a standard deviation of 2.07 g/kg, indicating moderate variability within
the dataset. In contrast, Humus content showed limited dispersion (o = 0.45 %;
range: 2.29-4.16 %), suggesting a relatively uniform this indicator among others.

The narrow range of humus variation likely contributed to its lower statistical
influence in linear regression models. Although Humus is a primary source of TOC and
proven relationship between carbon and Humus, its stable levels across samples may
have diminished its predictive power in statistical modeling. On the other hand, more
pronounced variability in the concentrations of available potassium (range = 142 mg/kg;
o0 = 28.5) and phosphorus (range = 128.5 mg/kg; o = 28.1) was associated with their
greater significance as predictors in multifactor models.

Additionally, the high skewness (Sk = 2.81) and excess kurtosis (Kurt = 12.25)
observed in soil pH values highlight notable heterogeneity in the soil acid—base balance,
which can substantially affect organic matter mineralization and carbon sequestration
dynamics. This underscores the importance of including broader fertility indicators (e.g.,
mobile nutrient forms, pH) in predictive models for SOC, particularly in agroecosystems
where Humus content remain within a narrow amplitude.

Therefore, the findings suggest that predictive models incorporating multiple soil
fertility parameters—especially Potassium, Phosphorus, and pH — are statistically more
robust and practically applicable in environments with relatively stable Humus content.

The Humus content did not appear to be a key factor in driving the TOC content,
as a number of studies have shown. The reasons for this may be: a) limited variability of
Humus content in the samples. If, for example, in Chernozems Haplic, the Humus
content ranges within the limits insufficient to form a strong statistical dependence, its
contribution may be devalued compared to more variable indicators (e.g., Potassium or
Phosphorus); b) the effect of multicollinearity, since Humus correlates with Nitrogen
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(Table 3) and therefore loses its individual significance in the multivariate model; the
specific features of the soil texture were not taken into account, but the effect of specific
fractions on the content of organic matter is known [41, 42].

As a reminder, there is a mismatch between soil organic matter (SOM) and
Humus. In the vast majority of studies, correlations have been established between SOM
and SOC, not between humus and SOC. In fact, the conversion factor of 0.58 is based
on the assumption that soil organic matter (not humus) contains about 58 % carbon on
average. But this is a topic for a scientific discussion of a different character than our
planned tasks.

Based on our results the average TOC/Humus ratio across all Chernozems
samples was 0.635 (ranging from 0.495 to 0.92), indicating substantial variation in the
proportion of TOC within the organic matter pool (Table 5). Similar values were observed
for Chernozems Haplic (mean: 0.625) and Chernozems Calcic (mean: 0,650) subtypes.
Considering of previous studies reporting average conversion ratios between 0.55 and
0.60 [e.g., 36, 37], and underscores the necessity of site-specific calibration in SOC
modeling.

Table 5
Statistical parameters of the Humus (%) and TOC (g/kg) content
Chernozems Chernozems Haplic Chernozems Calcic
Parameters (n=29) (n=18) (n = 11)
Humus TOC Humus TOC Humus TOC
Mean 3.16 19.79 3.06 18,8 3,33 21,4
St. Error 0.08 0.385 0.096 0,44 0,14 0,38
Median 3.18 20.08 3.045 18,4 3,30 21,6
St.Deviation 0.45 2.07 0.41 1,87 0,48 1,27
Variance 0.20 4.30 0.17 3,49 0,23 1,60
Kurtosis -0.52 -0.96 -0.72 -1,46 0,007 -1,09
Skewness 0.02 -0.25 -0.03 0,10 -0,27 0,07
Minimum 2.29 15.946 2.29 15,946 2,51 19,604
Maximum 4.16 23.46 3.72 21,825 4,16 23,46
Average TOC/Humus
Ratio 0.635 0.625 0.65
(min-max) (0.495-0.92) (0.495-0.92) (0.54 - 0.78)

Taking into account the wide variability in TOC-to-humus ratios observed in our
study (ranging from 0.495 to 0.92), the use of a conventional conversion factor
(e.g., 0.58) to estimate TOC content from Humus may lead to substantial inaccuracies.
Our results clearly illustrate that such a generalized approach does not reflect the actual
diversity of soil organic matter composition. Therefore, this underlines the critical need
for site-specific or regionally calibrated studies aimed at improving the accuracy of TOC
estimations, particularly in the context of carbon stock modeling and climate-smart soil
management.

Taken together, these findings underline the importance of considering soll
subtype when evaluating organic matter pools. The differences in both central tendency
and variability between Haplic and Calcic Chernozems have implications for carbon
budgeting, nutrient management, and the selection of pedotransfer functions in region-
specific models.

4.2. The assessment of predictive power and explanatory capability of the PTF

Model agreement and statistical significance. Across all model variants tested,
the results of the two-sample t-tests showed no statistically significant differences
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between the predicted and measured TOC values at the 95 % confidence level (p > 0.05
for all comparisons; Table 6). For instance, model PTF1 yielded a mean TOC prediction
nearly identical to the measured value (19.784 vs. 19.787 g/kg, p = 0.994), while models
PTF3 and PTF5 showed similarly close alignment (p = 0.997 and 0.974, respectively).
Even in comparisons between model pairs, such as PTF3 vs. PTF1 or PTF7 vs. PTF9,
no significant differences were observed (p = 0.996 and 0.21, respectively), indicating
internal consistency among the modeling approaches (Table 6).

Table 6
Results of two-sample t-test comparing predicted and measured TOC values

P(T<=t) two- t Critical

Model Mean, g/kg Variance t Stat tail two-tail
PTF1 / measured 19.784 /1 19.787 0.90/4.30 0.007 0.994 2.02
PTF3 / measured 19.786 / 19.787 2.29/4.30 0.003 0.997 2.01
PTF3/PTF1 19.786 /19.784 2.29/0.90 0.004 0.996 2.01
PTF5 / measured 18.83/18.81 2.21/3.49 0.032 0.974 2.04
PTF6 / measured 19.16 / 18.81 1.64/3.49 0.66 0.514 2.04
PTF5/PTF6 18.83/19.16 2.21/1.64 -0.72 0.475 2.03
PTF7 / measured 21.86/21.38 0.76 /1.60 -1.04 0.312 2.10
PTF9 / measured 21.32/21.38 1.02/1.60 0.12 0.909 2.09
PTF7 / PTF9 21.86/21.32 0.76/1.02 1.30 0.210 2.09

Comment: t Stat — computed value of the t-statistic; P(T < t) two-tail — two-sample p-value; t Critical two-tail — critical
t-value for a two-sample t-test at a = 0.05

Model accuracy across soil groups. In terms of predictive power, performance varied
depending on the soil subtypes. For the total dataset (n = 29), model PTF3 outperformed
PTF1, showing a lower RMSE (1.40 vs. 1.81 g/kg), lower NRMSE (7.06 % vs. 9.16 %), and
higher R? (0.54 vs. 0.21), suggesting improved model generalizability (Table 7).

Table 7
Statistical Characteristics of the Derived Pedotransfer Functions
Parameters | PTF1*, PTF5, PTF7 | PTF3, PTF6, PTF9
Chernozems (n=29)
MAE, g/kg | 1.61 | 1.07
MAD, g/kg 0.78 1.22
RMSE, g/kg 1.81 1.40
NRMSE, % 9.16 7.06
R? 0.21 0.54
Model quality ‘ Moderate ‘ Good
Usability Moderate High
Chernozems Haplic
MAE, g/kg | 0.87 | 1.22
MAD, g/kg 0.95 0.89
RMSE, g/kg 1.10 1.40
NRMSE, % 5.87 7.42
R? 0.63 0.45
Model quality Good Moderate
Usability | High | Moderate
Chernozems Calcic
MAE, g/kg | 0.71 | 0.54
MAD, g/kg 0.53 0.34
RMSE, g/kg 0.97 0.65
NRMSE, % 4.53 3.04
R? 0.47 0.71
Model quality Good High
Usability | High Good

Comment: PTF1, PTF3 — only for all Chernozems; PTF5, PTF6 — only Chernozems Haplic; PTF7, PTF9 — only
Chernozems Calcic
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When models were tested within soil subtypes, PTF5 (applied to Chernozems
Haplic) demonstrated better performance than PTF6, with lower MAE (0.87 vs.
1.22 g/kg), lower RMSE (1.10 vs. 1.40 g/kg), and higher R? (0.63 vs. 0.45). Similarly, for
Chernozems Calcic, PTF9 showed superior accuracy compared to PTF7, achieving a
notably lower RMSE (0.65 vs. 0.97 g/kg), NRMSE (3.04 % vs. 4.53 %), and a higher
R2(0.71 vs. 0.47).

These differences, although not statistically significant in terms of mean values,
as confirmed by the t-test, may be practically important when selecting models for
operational TOC estimation in soil subtypes. The greater predictive power of PTF9 and
PTF5 in their respective domains highlights the advantage of tailoring models to concrete
soil with similar physicochemical properties.

4.3. General implications

The overall absence of significant bias between predicted and measured TOC
values, combined with moderate-to-high R? values (especially for subgtypes-specific
models), confirms the feasibility of using these models for local-level TOC estimation.
The highest predictive accuracy was achieved in Chernozems Calcic (R? up to 0.71),
suggesting that TOC distribution in these soils may follow more consistent patterns
compared to the broader dataset. The obtained results a two-sample t-test was applied
for each model variant indicate an overall absence of statistically significant differences
at the 0.05 level between the predicted and measured SOC values for all models
considered (Table 6).

In particular, for the models PTF1, PTF3, and PTF5, the predicted means closely
matched the measured TOC values (e.g., 19.784 vs. 19.787 g/kg for PTF1), with p-
values significantly exceeding 0,05 (p = 0.994, 0.997, and 0.974, respectively). Similarly,
comparisons between the model pairs (PTF3 vs. PTF1, PTF5 vs. PTF6, and PTF7 vs.
PTF9) also revealed no significant differences, suggesting model stability and internal
consistency across tested approaches.

Even the model PTF6, which, despite exhibiting a slightly higher mean TOC
prediction (19.16 g/kg) compared to the measured value (18.81 g/kg), did not yield a
statistically significant difference (p = 0.514). This further supports the robustness of the
model under the current dataset.

It's interesting, models PTF7 and PTF9, which had the highest predicted means
among all models tested (21.86 and 21.32 g/kg, p-values of 0.312 and 0.909,
respectively), also showed non-significant deviations from the measured mean
(21,38 g/kg). The direct comparison between these two models (PTF7 vs. PTF9)
indicating the absence of bias between model variants predicting higher TOC contents.

Taken together, these results confirm that none of the tested models exhibit
systematic bias relative to the measured TOC data. Therefore, the predicted values can
be considered statistically interchangeable with the observed ones under the tested
conditions, thereby confirming the adequacy of the models for practical application in
TOC estimation. Given the absence of bias and the acceptable levels of prediction error
(NRMSE < 10 % for all models), the tested PTFs may be reliably used for TOC
assessment in agricultural monitoring, land-use planning, and carbon stock estimation,
particularly when tailored to specific soil types.

The decision to choose a PTF model for practical application should take into
account the best predictive power and explanatory capability of the model, and contain
as few predictors as possible, which will ensure the efficiency of the model. At the same
time, a larger number of predictors will a priori have a higher complexity both because of
the need to determine the appropriate soil indicators and because of the increased
possibility of errors (more analyzes - more probability of errors). Reducing the number of
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predictors helps minimize the influence of variability and potential analytical uncertainty
in different scale assessments.

Future research should focus on expanding the model database across diverse
soil-climatic zones, incorporating additional predictor variables (e.g., texture, bulk
density, pH), and validating models using independent datasets under field conditions.
Future work should explore the generalizability of the most accurate models (e.g., PTF2,
PTF9) to broader soil types and under varying climatic and topographic conditions.
Additionally, expanding model calibration with remote sensing data (e.g., NDVI, LST)
may improve estimation in data-scarce regions.

5. Conclusions

This study evaluated the predictive accuracy and statistical validity of
pedotransfer functions (PTFs) for estimating soil TOC content across Chernozems
Haplic and Calcic. The following key conclusions can be drawn:

1. The models were assessed in terms of their robustness, accuracy, and
predictive ability across diverse soils and input variables. No statistically significant
differences were observed between predicted and measured TOC values for any of the
models, as confirmed by two-sample t-tests (p > 0.05). This indicates that the models
provide unbiased estimates and are statistically consistent with observed TOC
measurements.

2. Model performance varied across soil subtypes. Among models for all
Chernozems, PTF3 demonstrated superior accuracy over PTF1 for the entire dataset.
Soil-specific models yielded higher performance: PTF5 showed better accuracy for
Chernozems Haplic than PTF6; PTF9 outperformed PTF7 in Chernozems Calcic,
reaching the highest overall R (0.71) and the lowest NRMSE (3.04 %). Models calibrated
separately for Chernozems Haplic and Calcic showed notably better performance than
models developed for the entire dataset. This highlights the importance of considering
soil classification when developing or applying PTFs for TOC estimation.

3. The decision to choose a model for predicting TOC content is the prerogative
of a researcher. Our vision of the practical use of modeled PTFs is as follow: if no exact
information on the taxonomic classification of soils is available, PTF3 (balance of
simplicity, Predictive ability and Power); for Chernozems Haplic, PTF5 (highest accuracy,
takes into account pH, K, P indicators), and for Chernozems Calcic, PTF7 (Predictive
performance and Predictive ability).

4. The proposed models have some restrictions: 1) our sample concerned two
soil subtypes in a specific location, which may affect the external validity of the models;
2) the factor that narrows the representativeness of pedotransfer functions is the quality
of input data, both in terms of the accuracy of laboratory measurements and the
representativeness of field soil sampling. The results should be interpreted taking into
account the existing limits of PTF applicability.

Therefore, for practical TOC prediction, we recommend using adapted PFTs for
the respective soils, taking into account the importance of the inputs and the ease of
application.
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PoswupeHa aHoTauifA

Hapasi B YkpaiHi MOHITOPUHT I'PYHTIB Yy MOro HaykoBOMY PO3YMiHHI BiACYTHIW, a peanbHUM KOHTPOMEM CTaHy I'PYHTIB Ha
3eMnsiX C.-T. MpU3HaYeHHs1 € arpoximiyHa cepTudikauis. MNpoTe ii MmeToguka He nepenbavae BUMIPHOBaHHS BMICTY
opraHiuHoro Byrmewyo y rFpyHTi (OBP) i, BpaxoByioun TpuBatouy BillHy Ta oBMeXeHe AepkaBHe iHAHCYBaHHS,
dyHAameHTanbHa pedopma CUCTEMU MOHITOPWHIY TFPYHTIB Hambnmx4mMm 4Yacom He oudikyeTbcs. [ns nogonaHHs
iHdbopMaUiHMX nporanvH LWOAO KinbKOCTi Ta 3anacis oBr BUpiWWanbHEe 3HAYEHHS Mae MOAENIoBaHHA Ha OCHOBI
OOCTYMHUX arpoxiMiYHUX MOKasHWKIB. MeTo Lboro AOCMIAXEHHS € CTBOPEHHSI 3 BUKOPUCTAHHAM [aHVX arpoXximiyHoi
nacnopTuaaLlii FpyHTiB Ta OLiHKa NegoTpaHcdepHux dyHkuin (MTd) ans nporHosysaHHa BmicTy OBI' y YopHosemax
TMNOBUX i 3BUYaliHKX JliBo6epexHoro Jlicocteny Ykpainu. Lini docnidxeHHs: 1. 3 BUKOPUCTaHHSIM Cy4acHOro aHarnizaTopa
Multi EA 4000 B 3paskax I'pyHTiB, BifibpaHnx 3 OPHOrO rOPU3OHTY, BU3HauUMTK BMICT OBI' Ta arpoxiMiuHi nokasHukm (BMicT
rymycy, AocTynHux copm dhocdopy Ta Kanito, mnyxHorigponizoBaHoro asoty, pHH0); 2. Ak npeagwkTopu Ans
MogentoBaHHsl cepii MT® B Linsx nporHody BMicTy OBI' BUKOPUCTATW BKa3aHi IPyHTOBI MOKA3HWKM Sk OKpeMi, TaK i ix
noeaHaHHs; 3. [ina ctBopeHmx BapiaHTiB [MT® npoBecTn NopiBHANbHE OLiHIOBaHHA edpeKTUBHOCTI Mogenew 3 ornsay Ha
TXHIO MPOrHOCTUYHY CUMy Ta NOSICHIOBarbHY 34aTHICTb, BUKOPUCTOBYOYM cTatuctuyHi kputepii (MAE, RMSE, NRMSE, R?
Ta MAD); 4. BusHauuTy MOXNMBOCTI 3acTocyBaHHsi nobynoBaHux MT®O Ansi NpakTUYHOIO BUKOPUCTAHHSI B KOHTEKCTI
NiATPUMKM pilleHb LWOAO CTanoro ynpasniHHS I'PYHTOBMMU pecypcamn. Mamepianu ma memoou. Y npoueci arpoxiMmivyHoi
cepTudikauii 3pa3ku r'pyHTiB 6yno BigibpaHo 3 BepxHbOro (opHoro) ropusoHTty (0-20 cm) y mexax JliBobepexHoi
BMCOYMHHOI NPOBIiHUii JlicocTenoBoi 30HM ANst ABOX NiATUNIB YOPHO3EMIB: TUMoBUIA (N = 18) Ta 3BMyaiHuii (n = 11). Okpim
CTaHAApTHUX arpoxiMiyHWX aHanisis, 3gilicHeHux B nabopaTopii MonTascbkoi dinii JepxaBHoi ycTaHOBU «IHCTUTYT
OXOPOHU I'pyHTIB YKpaiHu», y KuWiBCbkii naboparopii uiei > ycTaHOBM BM3Hayanu 3aranbHui BmicT Byrneuto (TC),
3aranbHun BMICT HeopraHivyHoro Byrmneuto (TIC) Ta 3aranbHui BMICT opranivyHoro Byrrneuto (TOC) y Tnx camux 3paskax
rpyHTiB. BmicT Byrneuto BusHayanu 3a gonomoroto aHanizatopa Multi EA 4000 (Jena) winsixom cnantoBaHHs, nig vac
SIKOrO BYrneub okucHeTbest Ao CO, 3a pi3Hoi TemnepaTtypu B KUCHEBI aTMocdepi. 3aranbHuii o6esir BUBINIbHEHOTO
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BYIIeL BUMIpIOBany aBToOMaTn4HO 3a [OMOMOro HeawmcnepcinHoro iHdpayepsoHoro aetektopa (NDIR). 3aranbHun
BMICT opraHiyHoro Byrneut (TOC) Bu3Ha4anu siK PisHULO MiX 3aranbHUM BMICTOM BYIMELIO | BMICTOM HeopraHi4Horo
Byrneuto: TOC =TC-TIC (r/kr rpyHTy). CTaTUCTMYHWMIA, KOpPEnAuiiHWA Ta perpeciiHAn aHanisn nposoaunn 3
BMKOPUCTaHHAM nporpamn Excel Ans ouiHIOBaHHA TOYHOCTI MoOAenen Ta Y3roKEHOCTi MK MPOrHo3oBaHWMK Ta
BUMIpsHUMU 3Ha4YeHHAMM TOC. CTaTUCTUYHO 3HAYYLWICTb BIAMIHHOCTEN MK rpynamy NPOrHO30BaHUX 3HA4YeHb BMICTY
TOC oujiHoBanu 3a 4ONOMOro ABOBMBIPKOBOIO t-KpUTEPIto 3 NPUNYLLEHHSIM HEPIBHWX Ancnepcii. B ouiHui y3romkeHocTi
MDK MPOrHO30BaHUMM Ta BUMIPSHUMU 3HaveHHAMU TOC BMKOPMCTOBYBaAnM AIK CTATUCTUYHI MOKA3HWKWM TOMHOCTI, Tak i
nepe.ipKy rinotes. Pesynsmamu ma eucHosku. BmicT rymycy Ta OBI' (TOC) npakTMYHO BiANoBigalTs HOPMarnbHOMY
po3noginy, Lo [A03BOMSE€ HaM MPaBWNbHO OLIHIOBATW [OBIpYi iHTepBanyW Ta piBHI  3HAYyLOCTi, 3aCTOCOBYHOYM
napameTpuYHi CTaTUCTUYHI TecTu. Kpim Toro, Lo ocobnvBo BaxnvBO, HOPMArbHICTL PO3MOAINY € nepeayMoBOO ANS
HafiiHOro BWMKOPUCTaHHA NiHiHOI perpecii. Takox ans obrpyHTyBaHHs BWGOpY npeaukTopie Ans nobygnosu MTO,
CMPAMOBaHMX Ha oLiHky BMicTy OBI' (TOC), 6ynu npoaHanisoBaHi napHi koedillieHTy kopensilii Mix BNacTMBOCTSMM
r'pyHTiB. BMicT rymycy He 3aBxau OyB kno4oBUM (DakTOpOM, LU0 BMMBAE Ha BMICT opraHiyHoro Byrnew. Moxnuesumm
npvyMHaMn LpOro MOXyTb OyTu: a) obmexeHa amnnityaa BMICTY rymycy y BigibpaHux Hamu 3paskax; 6) Bnnve
MYnbTUKOMNIHEAPHOCTI, OCKINbKW TyMyC AOCTOBIPHO KOpEroE, Hampuknag, 3 YMICTOM asoTy, a TOMy BTpavae CBOE
iHOMBiQyanbHe 3HayeHHs B GaraTOBMMIpPHIA Mopgeni; B) BiACYTHi AaHi Npo rpaHynoMeTpuyHUiA cKnag rpyHTiB, OKpeMi
dpakLuii SKOro MOXyTb MaTu 3HA4YHUIA BNIMB Ha OpraHiyHy pevyoBuHY r'pyHTiB. Bepyun Ao yBaru LWMPOKY MIHAUBICTb
cniesigHoweHb TOC i rymycy, Lo crocTepiranucs B Halomy AgocnigpkenHi (Bia 0,495 go 0,92), BukopucTaHHs 3BM4ainHoro
koediujieHTa nepetBopeHHs (0,58) ans ouiHkm BmicTy TOC Ha OCHOBiI BMIiCTY TyMycy MOXe MpM3BECTU A0 CYTTEBUX
HeTOYHOCTEW. Hali pesynbTaTh YiTKO iNOCTPYIOTb, WO Takui ysaranbHeHWH niaxia He Bigobpaxae dakTuyHoI
Pi3HOMaHITHOCTI cknagdy OpraHi4Hoi peyoBuHYM I'pyHTIB. Lle migkpecntoe kpuTnyHy NoTpeby B NMOKanbHWUX AOCHIAKEHHSX, 3
ypaxyBaHHAM cneundiki Ta CTPYKTYpW IPYHTOBOrO MOKPUBY B KOHKPETHWUX apeanax, CMpsMOBaHUX Ha NiaBULLEHHS
ToYHOCTI ouiHok TOC, ocobnmMBo B KOHTEKCTi MOAENOBaHHA 3anaciB BYrfeuto Ta Mmporpamy KniMaTuyHO pPO3YMHOro
ynpaeniHHA 'pyHTamu. MporHo3osaHi 3Ha4eHHsA BMICTY TOC 3 BUKOPUCTaHHAM CTBOPeHUX Hamu [T moxHa BBaxaTtn
CTaTUCTUYHO B3AEMO3AMIHHVMMK 3i CMNOCTEPEXyBaHMMM B MNPOTECTOBAHWUX YyMOBaXx, LUO NiATBEPAXyE afeKBaTHICTb
CTBOPEHVX Hamun MoAeren A5 NPaKTUYHOro 3acToCyBaHHs B ouiHLUi BMicTy TOC. BpaxoBytoumn BiACYTHICTb 3MilLEHHS Ta
NPUAHATHI piBHI Noxnbkn nporHosyeaHHA (NRMSE <10 % ans Bcix mogenen), npotectosaHi [MT® MoxyTb 6yTn HaginHo
BMKOpPUCTaHi Ans ouiHioBaHHst TOC y nporpamax MOHITOPVHIY OpHMX FPYHTIB 3 HacTynHow ouiHkoto 3anacis TOC, y
nnaHyBaHHi 3axoAiB Byrneuesoro semnepobcrea Ta ByrneLesoi cepTudikadii, 0cobnmeo SKLWO 3a BUKOPUCTaHHS MTO
OyAyTb BpaxoBaHi KOHKPETHi TakCOHM rpyHTiB. PiweHHs npo Bubip mopeni Ana nporHosyBaHHA BMicTy TOC €
npeporaTmeolo AocnigHunka. Hawe 6aveHHs NpakTUYHOrO BUKOPUCTaHHA 3MoaenboBaHux MTO € Takum: Akwo Gpakye
TOYHOI iHdOopMaLii Npo KnacudikauinHy NPUHANEXHICTb I'PyHTIB, AOLINBHO BMKOPUCTOBYBATU CTBOpPEHY Hamu [MTP3:
TOC (r/kr) = 11,0 + 2,394 'ymyc - 0,049P + 0,065K; AKLWIO TOYHO BM3HAYEHO TUM I'PYHTY, TO ANS YOPHO3EMIB TUMOBMX
onTumaneHMM BapiaHTom 6yge IMTP5: TOC (r/kr) = 32,1 + 1,21 'ymyc + 0,0017N + 0,088K - 0,085P - 2,71pH, a ans
yopHosemiB 3BmyanHux — MT®7: TOC (r/kr) = 15,4 + 1,81'ymyc. BkasaHi nponosuuii He BUKIOYaOTb MOXIMBOCTI
BMKOPWCTaHHA BCiX CTBOpeHux Hamu [NT®. 3anponoHoBaHi mopeni MawTb neBHi obmMexeHHsA: 1) Hawa Bumbipka
cTocyBanacs ABOX MiATUNIB IPYHTIB Y KOHKPETHWX YMOBaXx, O MOXe BMNAVHYTU Ha 30BHIWHIO BamnigHICTb Moaenewn;
2) YMHHUMKOM, LLUO 3BYXy€E penpeseHTatuBHICTb MNT®, € aKicTb BXiOHMX AAHUX, SK 3i CTOPOHM TOYHOCTI nabopaTopHux
BMMIpIOBaHb, TaK i LLOAO penpe3eHTaTMBHOCTI 'PYHTOBMX 3pa3kiB. 3MOAENbOoBaHi pe3ynbTati HeobxiaHo iHTeprnpeTyBaTu
3 ypaxyBaHHSIM iCHYUMX 0OMeXeHb Y 3acTocyBaHHi MTO.
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